INTRODUCTION 1
The Brassica genus is important for human diets throughout Asia, providing micronutrients and 2 up to 12% of oil calories and a wide diversity of agricultural products (Dixon, 2007; Wang et al., 3 2011b) . Within this genus genome sequences have recently been published for Brassica napus, 4
Brassica rapa, and Brassica oleracea (Chalhoub et al., 2014; Liu et al., 2014; Wang et al., 5 2011b) . Brassica rapa is a physiologically and morphologically diverse diploid species that has 6 87% gene exon similarity to the model plant Arabidopsis thaliana (Cheng et al. 2013 ). This 7 makes Brassica rapa an excellent species for comparing and translating knowledge of biological 8 processes from Arabidopsis to a crop species. For example, homologous Arabidopsis gene 9 information has been used to infer the action of B. rapa genes in glucosinolate metabolism (Li 10 and Quiros, 2001; Wang et al., 2011a) , flowering time, leaf development (Baker et al., 2015) , 11 and seed yield (Brock et al., 2010; Dechaine et al., 2014) . All of these important traits contribute 12 to our understanding of plant growth in agricultural settings and the underlying genetic 13 understanding of these traits is made possible by a reference genome sequence (Wang et al., 14 2011b), gene annotation information (Cheng et al., 2013; Devisetty et al., 2014) , and genetic 15 mapping populations (e.g. Iniguez-Luy et al. 2009 ). 16
The annotated Brassica rapa genome assembly is 283.8 Mb spread over 10 chromosomes A01-17 10 (Wang et al. 2011b ). Although the current genome is diploid, there are three ancient 18 subgenomes derived from genome duplication events. These subgenomes are designated as least 19 fractionated (LF), most fractionated one (MF1), and most fractionated two (MF2) corresponding 20 to the fraction of gene loss in each subgenome Wang et al., 2011b ). These 21 three subgenomes share many paralogous genes and contiguous regions complicating genome 22
assembly. This has prevented about 10.8% of the gene-containing genomic scaffolds in version 23 alignments at each SNP location for each member of the RIL population. The resulting genotype 1 files were used to detect and remove SNPs with excessive noise. 2
Due to the crossing scheme used to create the RIL population, each individual is expected to be 3 nearly homozygous for one parent or the other. The 'filter-noisy-SNPs.pl' 4 (https://github.com/mfcovington/noise-reduction-for-snps-from-pop) Perl script performs noise-5 reduction for SNPs derived from such a population. It does this by identifying and ignoring 6 positions that have an over-representation of heterozygosity in individual lines across the entire 7 population. Using the default parameters ('--cov_min 3 --homo_ratio_min 0.9 --8 sample_ratio_min 0.9'), SNPs were discarded as noisy if more than 10% of the lines in the 9 population showed evidence of heterozygosity as defined by a line having at least 3 reads per 10 SNP position with a major allele with a ratio less than 0.9. 11
After noise-reduction, the 'extract+genotype_pileups.pl' 12 (https://github.com/mfcovington/SNPTools) Perl script was re-run without the '--no_nr ' 13 parameter for each RIL. The resulting genotype files were used to create genotype plots using the 14 'genoplot_by_id.pl' Perl script (https://github.com/mfcovington/SNPTools) and to define 15 genotype bins for the individual RILs. 16
The 'filter-snps.pl' Perl script (https://github.com/mfcovington/detect-boundaries) was used to 17 identify regions of adjacent SNPs with alleles from the same genotype. Using the default 18 parameters ('--min_cov 10 --min_momentum 10 --min_ratio 0.9 --offset_het 0.2'), it detects 19 boundaries between genotype bins when a sliding window of at least 10 SNPs. Within each 20 sliding window a depth of at least 10 reads each exhibit major allelic ratios of at least 0.9. The 21 major allele represents the opposite genotype from the previous bin (or exhibit major allelic 22 ratios less than 0.7 for transitions from regions of homozygosity to those of heterozygosity). For 1 each member of the RIL population, this script generates one file with boundary between 2 genotype bins. 3
The 'fine-tune-boundaries.pl' Perl script (https://github.com/mfcovington/detect-boundaries) is an 4 automated tool for rapid, fine-scale human curation of boundaries between genotype bins that we 5 used for the RIL population. As described in Devisetty et al. 2014 , "This command-line tool 6 displays color-coded genotype data together with the currently-defined bin boundaries. Using 7 shortcut keys, the operator can quickly and easily approve or fine-tune a boundary (at which 8 point, the next boundary is instantly displayed for approval)." 9
The 'merge-boundaries.pl' Perl script (https://github.com/mfcovington/detect-boundaries) was 10 used to merge all of the boundaries in the collection of the boundaries files that were generated 11 by 'filter-snps.pl' and 'fine-tune-boundaries.pl'. A comprehensive list of bins and their locations 12 resulting from the merge are written to a file: bins.tsv. The script also prints the boundary and 13 bin stats (count, min size, max size, and mean size) to the screen to allow visual analysis of the 14 resulting file. This information was used for human curation of the boundaries. 15
The 'get-genotypes-for-bins.pl' Perl script (https://github.com/mfcovington/detect-boundaries) 16 was used to convert the comprehensive bins file and all the individual boundaries files into a 17 summary of bins and their locations across the genome and their genotypes across the entire RIL 18 population (Supplemental Table 1 ). 19
Composite genotype plots ( Figure 3 ) were created using the 'plot-composite-map.R' R script 20 (https://github.com/mfcovington/detect-boundaries). 21
Validating and Reassigning Genomic Scaffolds 1
Using the genotypic value for each genotype bin across the RILs, we calculated the asymmetric 2 binary distance between all central SNP pairs using the dist(method = "binary") function in R. 3
The pairwise correlation matrix was then ordered by maximal correlations to place the map in a 4 linear order and compared to the predicted bin order based on version 1.5 of the Brassica rapa 5 genome. Comparisons between v1.5 of the genome and binary distance plots were manually 6 inspected to ensure proper placement or reassignment. 7
Genetic Map Construction 8
Because each genotype bin across the RILs represents each observed recombination breakpoint 9
in the population, we used one SNP per genotype bin to create a saturated genetic map. Aside 10 from the possibility of rare, unobserved double cross over events, the mapping resolution in this 11 population is no longer limited by the number of SNPs but instead by recombination events. The 12 genetic map was constructed using the chromosomal position of each of the SNPs as a starting 13 point for marker ordering along the chromosomes. Each chromosome was treated as a large 14 linkage group and each SNP was tested for linkage disequilibrium with all other SNPs using the 15 R/QTL package (Broman et al., 2003) in the R statistical environment (R Core Team, 2015). 16
Larger gaps in RNA-seq information corresponding to low gene density centromeric regions 17 were problematic when ordering markers using the ripple() R/QTL function (Broman et al., 18 2003 ). In chromosomes A08 and A09, after local marker order was established we used the 19 physical position of the SNPs to connect the two arms in the correct orientation. 20
QTL Comparisons 21
To test how increased marker coverage affected QTL mapping and identification for 22 physiological traits, we remapped two traits from (Brock et al., 2010 ) that had been mapped 23 using the previous genetic map (Iniguez-Luy et al., 2009). We used R/QTL (v1.39-5) to compare 1 mapping results derived from the previous and updated genetic maps using the Brock et al. The crossing scheme used to create the RIL population should create homozygous regions of 13 contiguous R500 alleles alternating with homozygous regions of contiguous IMB211 alleles in 14 the different RILs. However, when using the R500 vs. IMB211 polymorphism set to genotype 15
the RILs there were multiple regions where R500 and IMB211 alleles were randomly 16
interspersed. This suggested that the RIL population might be derived from a different parent or 17 parents than those that we had sequenced. 18
To test this hypothesis, we merged the sequence data from all RILs and then genotyped the 19 merged dataset using SNPs identified by the IMB211 vs R500 comparison ( Figure 1A ). The 20 merged dataset gave us a much better view of segregation of putative parental SNPs in this 21 population. Given the relatively large size of the population and the expected recombination 22 frequency and distribution, polymorphisms identified in the true RIL parents should be 23 segregating with approximately equal allelic frequency in this merged data set (black dots in 1 Figure 1A ). Most genomic regions did display this expected distribution; however, there were 2 several large regions that were not segregating, but instead were monomorphic for one of the 3 putative parents of the population (indicated as orange or blue dots in Figure 1A ). In other words, 4
SNPs identified as polymorphic between the R500 and IMB211 strains are not segregating in the 5
RILs. Nearly all of these monomorphic regions matched R500 alleles, consistent with the idea 6 that the IMB211 seed strain is not the true parent of the RIL population. 7
The primary exception to the expected, Mendelian parental allele frequency in the RILs is on the 8 bottom of chromosome A03, where there is a gradual transition from equal R500:IMB211 allelic 9 frequency to nearly all IMB211. The A03 pattern is consistent with segregation distortion within 10 the population possibly caused by the centromere being located at that end of chromosome A03 11 (Cheng et al. 2013 
Population-based SNP discovery 18
Due to the uncertainty surrounding the identity of the IMB211 parent of the RIL population, we 19 switched to a population-based approach for SNP discovery. This new strategy involved 20 identifying variants within the RIL population and using the R500 data to assign parental origin 21 for each SNP. Using this approach, we identified 146,027 SNPs across B. rapa's ten 22 chromosomes ( Table 1 , Supplemental Table 1 ). These population-based SNPs segregate at the 23 expected allele frequencies of approximately 50/50 throughout the entire genome except at the 1 previously noted end of A03 ( Figure 1B) . Over 80% of the genome is within 100 kb of a SNP; 2 however, there are several regions with few or no SNPs. There are two primary reasons for these 3 SNP-free regions. Most are likely gene-poor regions or regions of genes with insufficient 4 expression under our experimental conditions (e.g., growth conditions, age, tissue, genotypes). 5
We also found a few regions where there are significant numbers of expressed genes, but no 6
SNPs between members of the RIL population. These regions primarily correspond to the non-7 variant regions of Figure 1A and, therefore, likely represent regions that are very similar between 8 the seed stocks used to generate this RIL population. 9
Genotyping the RIL population 10
Using the per line transcriptomic data, each RIL was genotyped as having either the R500 or 11 IMB211 allele at each of the 149,097 SNPs identified from the population-based SNP-discovery 12
pipeline. An representative RIL genotype plot is shown in Figure 2 . 13
Collapsing Adjacent SNPs into Population-Wide Genotype Bins 14
The next step towards creating a new genetic map was to define the largest set of non-redundant 15
SNPs. This is necessary because the 149,097 SNPs in the full dataset vastly exceed the expected 16 number of recombination breakpoints in a population of 124 individuals. We developed a 17 method to identify and summarize the "genotype bins" in the population. First, we found all 18 detectable recombination breakpoints for each RIL. Next, we consolidated these breakpoints for 19 the entire population. SNPs that were not adjacent to a recombination breakpoint in any of the 20 RILs were considered redundant and removed. This yielded bins of adjacent SNPs with 21 genotype patterns that differed from neighboring bins for at least one RIL because of a 22 recombination event in that specific RIL. The genotype bins for the RIL population are 1 summarized in a composite population genotype map (Figure 3 ). 2
Finding and Reassigning Misassembled Genomic Regions 3
A first version of the population genetic map revealed several markers that seemed to be 4 misplaced based on physical position, resulting in large genetic distances between them 5 (Supplemental Figure 2) . Given, that we have corrected the parental genotyping issues, the 6 mostly likely explanation for this finding is that these regions represent genome assembly errors. 7
To test this hypothesis, the genotypes of representative SNPs from each bin were used to 8 calculate the asymmetric binary distances between each bin across the population. If the 9 predicted genome position of each bin is correct, the expectation is that each SNP should have 10 the lowest distance to adjacent SNPs in genome coordinates. However, consistent with genome 11 assembly problems, there were a subset of SNPs whose genotypes were more highly correlated 12
with SNPs located elsewhere in the genome rather than with SNPs near their current assigned 13 genomic position (a representative example is shown in Figure 5 ). To fix these issues, 13 regions 14 consisting of 19 genotypic bins were moved to different genomic locations and 4 regions 15 consisting of 66 bins were inverted in place at their original position based on assymetric binary 16 distance (Supplemental Table 2 ). 17
Incorporating scaffold sequences into the genome 18
In the current version of the B. rapa genome annotation (v1.5) there are 40,357 scaffolds that 19 have not been incorporated into any of the ten chromosomes. These scaffolds range in size from 20 100 bp to 938 Kbp and represent 1,411 genes spanning 27.5 Mbp. For comparison, there are 21 39,609 genes within the 283.8 Mbp of annotated chromosomal sequence. Given that the 22 scaffolds contain about as many genes as would be expected on one third of an average 23 chromosome, we decided to extend our strategy for fixing genome misassembles to estimate the 1 approximate chromosomal locations of the scaffolds. 2
We identified 3,070 SNPs across 339 of the 40,357 scaffolds (the remaining scaffolds had no 3 SNPs, Supplemental Table 3 ). To be confident in our placement we limited ourselves to the 47 4 scaffolds with 10 or more SNPs. For each of these 47 scaffolds, we were able to identify at least 5 one genomically defined chromosomal bin that had identical or near identical genotypes. This 6 indicates a very close genetic linkage between the unplaced scaffold and the placed genomic bin 7 allowing us to assign a genomic position to the unplaced scaffold, but not the orientation. The 8 incorporated scaffolds range in size from 429 to 884,746 bp and are enriched for larger scaffolds 9
( Figure 4) . The incorporation of these 47 scaffolds allowed us to incorporate 25% (~ 7Mbp) of 10 the unplaced genomic sequence into the genome, representing 49% (691) of the unplaced 11 scaffold genes (Table 2 ; Supplemental Table 2 ). 12
While most of the incorporated scaffolds represent a single genotype bin, seven scaffolds are 13 comprised of multiple bins. Scaffold000164, for example, includes 65 annotated genes across six 14 distinct genotype bins within its 313.7 Kbp sequence. For six of the scaffolds with multiple bins 15 the bins were closely linked and allowed us to place the scaffold in a single location in the 16 genome. However, one scaffold, Scaffold000191, contained two bins that mapped to two 17 different chromosomes, indicating that it was misassembled. Therefore, we split its two bins and 18 assigned them to the appropriate chromosome locations (5 genes/28.2 Kbp to A01 and 24 19 genes/104.1 Kbp to A05) 20
Possible reasons for the enrichment of larger scaffolds within the set of incorporated scaffolds 21 include: (1) larger scaffolds are more likely to include expressed genes and, therefore, SNPs that 22 we can detect and (2) larger scaffolds may be more likely to be accurate representations of a 1 contiguous region within the genome. This second point is based on the assumption that large 2 scaffolds could be assembled perhaps due to more abundant, more consistent, and/or more 3 convincing experimental support than small scaffolds. Before ( Figure 6A ) and after ( Figure 6B ) 4 plots of genome-wide asymmetric binary distances for each marker pair show that rearranging 5 putative genomic misassemblies and incorporating scaffolds eliminates inconsistencies between 6 genome position and genotypes of adjacent markers. 7
High-density genetic map 8
From the available SNP data we were able to create a genetic map with ten linkage groups 9
corresponding to the 10 chromosomes of Brassica rapa. The map contains 1482 genotyped 10 markers for 124 RILs and is effectively saturated based on recombination events existing in the 11 population (Supplemental Table 4 ). The new map has an average marker spacing of 0.7 cM and 12 a total map distance of 1,045.6 cM. For comparison, the original map contained 225 markers 13
with an average spacing of 3.3 cM (Iniguez-Luy et al., 2009). This is also compared to a recent 14 map created on a subset of the population, 67 RILs, that had a total of 125 markers derived from 15 microarray probes (Hammond et al., 2011) . Having the genetic distance of markers with known 16 genomic coordinates allowed us to fix two additional genome misassembles resulting in large 17 inversions on chromosomes A09 and A10 (Figure 7 ). All of these improvements combined allow 18 us to more accurately map QTL for known phenotypes such as flowering time (Figure 8 ). Lastly, 19
we fit spline based regressions for each chromosome to more accurately convert between genetic 20 distance and physical distance (A01 example; Figure 7B , C). These conversion equations are 21 helpful for finding candidate genes in significant QTL regions (Fulop et al., 2016) . 22
CONCLUSIONS 23
In this study we demonstrated the flexibility and power of thoughtfully designed RNA-seq 1 experiments from tissue collected from a field experiment. RNA is a rich source of biological 2 information that can be utilized beyond expression analysis and transcriptome annotation. It is 3 our hope that these new community resources using RNA-seq are used to further genome 4 annotation, assembly, and functional analysis of the emerging model crop Brassica rapa. 5
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